3-5 Ekim 2019
Kuşadası / Aydın

Comparison of IMF Selection Methods in
Classification of Multiple Sclerosis EEG Data
Soner Kotan

Jeroen Van Schependom and Guy Nagels

Aydin Akan

Biomedical Engineering
Istanbul Uni. Cerrahpasa
Istanbul, Turkey

Center for Neuroscience, Vrije Uni. Brussel
National MS Center Melsbroek
Brussels - Melsbroek, Belgium

Deptartment of Biomedical Engineering
Izmir Katip Celebi University
Izmir, Turkey

Abstract—Empirical mode decomposition (EMD) method is a
powerful tool in the analysis of of nonlinear and nonstationary
signals. It decomposes signals into a number of amplitude and
frequency modulated signals namely intrinsic mode functions
(IMFs). However, some of these IMFs represents the original
signal better while some of them are useless. IMF selection methods are suggested to determine the IMFs which represents the
original signal better than other IMFs. In this study, we analyzed
the effect of IMF selection methods in classification performance.
We compared power based, correlation based and power spectral
density based IMF selection methods in the classification of the
electroencephalography (EEG) signals, which are collected from
subjects with multiple sclerosis. The EEG signals are classified
as the patients are being cognitively impaired or intact. k-nearest
neighbors, multilayer perceptron neural networks and random
forest classifiers are used in classification. The results show that,
effect of IMF selection methods on accuracy is changeable in
regard to classifier preference.
Keywords—EMD, IMF selection, EEG, MS classification

I. I NTRODUCTION
Empirical Mode Decomposition (EMD) is a fully data
driven time-frequency analysis method, proposed by Huang et
al. [1]. It decomposes the signals into intrinsic mode functions
(IMFs), which are frequency and amplitude modulated basis
funcions. The method is an effective tool for processing
non-linear and non-stationary signals.Wavelet transform (WT)
[2] and independent component analysis (ICA) [3] are other
widely used signal processing methods in this field. WT
requires different wavelet basis functions while EMD is an
adaptive method with no basis function requirement [4].
The non-stationary and non-linear signals can be decomposed into IMFs, and this basis functions can reflect the
components of the main signal. However, some of these
components are not useful, while some of them are reflects
the charasteristics of the original signal. Hence, selecting the
effective IMFs has been an important process while working
with IMFs. Junsheng et al. proposed an IMF selection method
based on energy content of IMFs [5]. The method is based
on selecting the IMF, which contains the highest amount of
energy. Correlation based IMF selection method is another
widely method, proposed by Peng et al. [6].Its selection
criterion is that the IMF which has the highest correlation
coefficient with the original signal should be chosen. Kotan&

Akan proposed a power spectral density (PSD) based selection
method [7]. Distances between the PSDs of IMFs and the
original signal is the base for the method. In this study,
we compared the three IMF selection methods in regard to
their effect on classification accuracy. We have classified EEG
signals collected from multiple sclerosis patients as cognitively
impaired/intact. We have used three different classifier to be
able to generilaze the results.
II. M ETHODS
A. Empirical Mode Decomposition and Its Multivariate Extension
Empirical mode decomposition is a fully data-driven tool
that decomposes non-linear and non-stationary signals into
approximately harmonics [8]. Output signals of the process
that have slowly varying amplitudes and frequencies are called
Intrinsic mode functions (IMF). Sum of IMFs are equal to the
multicomponent signal. Shifting process, which is based on
envelope extraction is the main part of EMD. The flowchart
of EMD algorithm is shown in Fig.1.
Bivariate [9], trivariate [10] and multivariate empirical mode
decomposition [11] are the extensions of EMD which are used
to decompose multivariate signals. The difference of these extensions is that they use multi-dimensional envelope extraction
[12]. Decomposing multivariate signals by using MEMD is
more practical and convenient than decomposing each channel
by mono EMD. The number of the IMFs obtained is same for
every single channel when MEMD used. 10 IMFs obtained
from an EEG signal by using MEMD is shown in figure 2.
B. IMF selection methods
In the energy-based method, the IMFs which contain the
high amount of energy should be selected due to they are
representative for the main signal. The energy content of a
signal is equals to sum of the energy contained in all the IMFs
which are produced by the MEMD process. It can be given
by
Ex(t) =

n

j=1
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where n represents the number of IMFs and Ecj (t) represents
the energy content of jth IMF. The energy contained by a
sampled IMF is calculated as
Ecj (t) =

N

i=1

2

| cj (i) |

(2)

where N is the number of data samples and cj (i) denotes the
samples of the jth IMF.
Correlation based intrinsic mode function selection method
uses the similarity between IMFs and the original signal.
Correlation coefficient is a measure of the degree of similarity
between two signals, defined as
ρx(t)cj (t) =

cx(t)cj (t)
σx(t) σcj (t)

(3)

where σx(t) and σcj (t) are the standard deviations of x(t)
and jth IMF cj (t), and cx(t)cj (t) is the covariance of the
signals. The signals have discrete values in practice, thus the
correlation coefficient can be given by
N





x(t) − x̄ cj (i) − c¯j

ρxcj =  N i=1
1/2
N


(x(i) − x̄)2
(cj (i) − c¯j )2
i=1

Fig. 1: Flowchart for EMD.

(4)

i=1

Power spectral density based IMF selection method uses
similarity between the PSDs of IMFs and the original signal
in selection. Kullback Leibler distance (KL-distance) is employed to calculate the similarity between two signals. The
KL-distance between two functions f (x) and g(y)

f (x)
dx
(5)
D(f  g) = f (x) log
g(x)
The similarity of PSDs can be given by

P SDsimilarity = D(P SD(x(t))  P SD(IM Fi (t))

(6)

where PSD is the Furier transfrom of the autocorrelation
function of a signal, given in (7). Here in our study, we use
Welch method to estimate the power spectral denstiy.
2 
  T

1 
−j2πf t 
x(t)e
dt
(7)
Sx (f ) = lim E


t→∞
2T −T

C. Subjects and EEG recordings

Fig. 2: A sample EEG signal and its IMFs.

The EEG recordings of Multiple sclerosis patients are
provided from Melsbroek Edmus database. Digital EEG signals were recorded from 164 MS patients by using Brainlab
Measure Station referring to the 10-20 electrode positioning
system. The recordings were collected from 21 channels and
digitalized at a sampling frequency of 250 Hz. The following
electrodes were used for the subsequent analyses: FP 1 , FP 2 ,
F7 , F3 , Fz , F4 , F8 , T3 , C3 , CZ , C4 , T4 , T5 , P3 , PZ , P4 ,
T6 , O1 , O2 , A1 , A2 . EEG signals were filtered in frequency
range [1, 30] (Hz) and a 50 Hz notch filter was applied. Mean
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values of each channel is subtracted from channel values for
removal of baseline. The dataset includes EDSS and NSBMS
scores, age and MS onset in addition to EEG recordings of
patients. Patients are labeled as cognitively impaired/intact by
using their test scores.
D. Feature extraction and classification
We extracted Hurst exponent, Higuchi fractal dimensions,
and kurtosis parameters from the IMFs as features. Hurst
exponent is used to measure the self similarity of signals at
different scales [13]. Fractal dimensions for a time series is a
measure of complexity. Higuchi fractal dimensions, which is
one of the various methods for fractal dimension calculation
is used [14]. Kurtosis is the fourth-order cumulant to measure
the peaked distributions of the random variables.
We have employed k-Nearest Neighbor (kNN), multilayer
perceptron and random forest as classifiers. kNN algorithm
has been regarded as one of the best classification and data
mining algorithms due to its simplicity and efficiency [15].
It classifies every new sample in the training set by finding
k-nearest neighbors. The classes of the neighbors are used to
weigh the class of candidates [16]. Figure 3(a) depits the kNN
classifier classify a new sample for k value is 6.
Artifical neural network (ANN) is convenient especially at
classification and complex pattern recognition and often used
in biomedical modelling, data analysis and diagnose studies
[17]. Multilayer perceptron neural networks (MLPNNs), which
has hidden layers besides input and output layers is the mostly
used model of ANN due to theirsmaller training set requirement [18], ease of implementation [19] and fast operation [20].
The hidden layer weighs input information and transmits it to
the output layer.The number of neurons in the hidden layeris
not determined by an analytical method. figure 3(b) shows the
structure of a MLPNN with single hidden layer.
Random forest (RF) classifier, which consists of many individual classification trees is proposed by Breiman [21]. The
classification output of each tree is weighted and used to
determine the classification output for random forest. Tree
building methods like CART, REPTree, CHAID, etc can be
used to build the trees in forest. Average misclassification
errors of trees can be used to set the weights of the output of
each individual tree. The weights are used in voting procedure
todetermine the class. Figure 3(c) shows the structure of a
random forest classifier with 100 trees.
III. RESULTS
21 channel EEG signals, recorded from 50 cognitively
impaired and 50 cognitively intact patients are used. Channel
CZ is used as representative channel since it is at the center of
the 10-20 EEG placement system. By using MEMD, we have
obtained 14 IMFs per channel. Power based, correlation based
and PSD based IMF selection methods are applied to select
the IMFs that represent the original signal better than other
IMFs. Table I shows the IMFs that are suggested to select by
three IMF selection methods.

(a) kNN classifier for a vector where k value
is 6.

(b) The structure of MLPNN with single hidden layer.

(c) The structure of random forest classifier with
100 trees.

Fig. 3: Structures of three classifiers used.
It can be seen from Table I that IMF 4 and IMF 3 are
suggested at first and second priority, respectively by three
selection methods. We have used first 4 IMFs suggested by
three methods in the classifications of EEG signals collected
from MS patients, i.e., one class is cognitively impaired, and
the other cognitively intact. Table II shows the IMFs which
are used in classification process.
Folowing IMF selection process, we extracted Hurst exponent, Higuchi fractal dimensions and kurtosis parameters as
features from every selected IMFs. 10-fold cross-validation is
utilized for all classification processes.
In our study, we used k-Nearest Neighbour, Multi-layer
Perceptron and Random Forest classifiers to detect cognitively
impaired and cognitively intact MS patients of EEG signals, by
using some nonlinear features namely Hurst exponent, Higuchi
fractal dimensions, and kurtosis. Euclidean distance is used as
distance measure for kNN (k=1). One hidden layer is used for
MLP and the number of nodes are chosen as mean of input
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and output numbers. The number of trees was 100 for random
forest classifier. Every classification process is repeated 100
times and the means and standard deviations are calculated.
Classification results are given in Table III.
It can be seen from table that, power based IMF selection
method gives the best classification accuracy while k-NN
classifier used. While MLP used as classifier, PSD based IMF
selection method achieves 70 % accuracy, which is better than
other methods. Correlation based IMF selection method gives
best classification accuracy with random forest classifier. It
can be concluded that, effects of IMF selection methods on
accuracy can be changeable in regard to classifier preference.
TABLE I: IMF S UGGESTIONS BY T HREE M ETHODS
IMF Selection
suggestion 1
suggestion 2
suggestion 3
suggestion 4
suggestion 5
suggestion 6
suggestion 7
suggestion 8
suggestion 9
suggestion 10
suggestion 11
suggestion 12
suggestion 13
suggestion 14

Power based
4
3
7
9
5
8
6
10
2
11
14
12
13
1

IMF selection methods
Correlation based
PSD based
4
3
5
7
8
6
9
2
10
11
12
1
13
14

4
3
5
2
6
7
8
9
10
11
1
12
13
14

TABLE II: F IRST 4 IMF S SELECTED BY T HREE M ETHODS
Power based
suggestion
suggestion
suggestion
suggestion

1
2
3
4

4
3
7
9

IMF selection methods
Correlation based
PSD based
4
3
5
7

4
3
5
2

TABLE III: C LASSIFICATION PERFORMANCE FOR C OGNI TIVELY I MPAIRED / OR I NTACT TYPE MS PATIENT
Power based
k-NN
MLP
RF

77±2,6
67±4,2
73±3,5

IMF selection methods
Correlation based
PSD based
76±2,1
68±4
75±3,2

73±2,6
70±4,2
74±3,1

IV. CONCLUSIONS
In this study, we have compared the effects of IMF selection
methods on classification accuracy. Besides, we used kNN,
MLP and Random Forests classifiers to analyze the effects
of IMF selection methods on different classifiers. We have
used first 4 IMFs suggested by three methods due to use

different IMF set from each other. Results show that, effects of
IMF selection methods on classification accuracy changes with
when different classifiers used and can not be generilazed. The
IMF selection methods should be used wiith other classifiers
and different kind of signals, to get a better understanding on
their effect of classification accuracy.
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